Abstract-The aim of this study was to develop an intelligent sensor for acquiring temperature, solar radiation data and estimate cloudiness indexes, and use these measured values to predict temperature and solar radiation in a close future. The prototype produced can ultimately be used in systems related to thermal comfort in buildings and to the efficient and intelligent use of solar energy.
I. INTRODUCTION AND MOTIVATION
Nowadays there is a global need for decreasing our energy consumption, to ensure that what we get from our natural resources is efficiently used, and that we live in balance with the environment. Increasingly so, efforts in R&D are directed towards this goal. A major field consists in developing intelligent systems capable of integrating environmental data for a more efficient use of resources and sustainable functioning of man-made utilities. In this study, the main focus is on global solar radiation, as it influences the majority of living beings in many different ways. Thus an accurate prediction of its evolution in time is important for several different areas of application, such as the field of renewable energy (see [1] for an extensive review), people's comfort in buildings, where possible applications are luminescence control and thermal comfort as [2] , among others, proved to be relevant. In the field of meteorological data acquisition/estimation, more specifically cloudiness indexes, solar radiation and atmospheric temperature, there is room for further developments. First, there are not a lot of different systems which incorporate, as a package, sky pictures and sensor data. No commercial existing solutions that take photographs for cloudiness studies are portable in a way that they do not allow an easy assemble on the spot. Furthermore, and more importantly, no portable commercial solution incorporates the possibility of forecasting the estimated of measured variables.
This study follows a previous work done [2] , while the estimation is an evolution of [3] and [4] . The starting point was the TSI440 from Yankee Environmental Systems, Inc. [5] , as it only takes photographs of the sky but does not incorporate any type of sensor, thereby lacking in environmental information. This study arises from the need to have a device that centralizes a set of tasks -estimates the cloudiness index using photographs of the sky, measures the global solar radiation, measures the atmospheric temperature and predicts the evolution of these values within an horizon of four hours. The previous work [2] focuses in the prediction of solar radiation for 30 minutes in future, using multi-objective genetic algorithms [6] for the off-line design of radial basis function neural networks.
The existing research in cloudiness indexes differs in their goal, in how data is obtained and how it is processed. Some are concerned with the type of clouds being observed, others only with the amount of radiation filtered. As for data acquisition, the most used technologies are: satellites, ground allsky imaging systems and spectroradiometers. Thus for cloud detection, satellites tend to be more used, as shown by [7] , [8] , [9] and [10] . Nevertheless, ground to sky imagers tend to be a cheap alternative allowing images with greater resolutions, the frequency between each new image being higher than the satellites and also providing more focused results, as shown by [11] , [12] , [13] , [14] , [15] and [16] . Solar radiation estimation is not a trivial subject, specially if zones with a complex topology are considered, such as mountain cases, where it is difficult to support economically and maintain the equipment. Another problem in this type of terrains is the number of variables involved; these require a denser neural network. There are a few studies in this area, such as [17] , who performed a study in which the performance of active and passive energy systems are analysed and [18] , who developed a model of daily solar irradiance estimated from air temperature and precipitation data. Other studies also explore the benefit of using neural network instead of an empirical model, such as the study performed by [19] , which considers also two classical approaches to simulate the propagation of solar radiation on earth surface developed by [20] . Besides the classical methods, the solar radiation could be estimated by radiation measurements interpolation, as studied by [21] , or by satellite images analysis, as studied by [22] . In this study, the solar radiation forecast follows precisely the used methodology in the study of [23] . Similarly to the previous mentioned studies [2] , Multi-Objective Genetic Algorithm (MOGA) [6] was employed in order to identify the ANN's input-output structure.
Similarly to solar radiation, neural networks are often used to estimate meteorological data values in areas with sparse meteorological stations, using also atmospheric temperature data, as shown by [24] , [25] and [26] .
II. NEURAL NETWORKS
Though no neural network model was developed in the present study, the ones developed by [23] were used. The neural network set was identified using MOGA to optimize their structure in order to develop a non-linear autoregressive with exogenous input model type of neural network (NARX). The networks were trained using a retro-propagation algorithm based on Levenberg-Marquardt's optimisation algorithm ( [27] ; [28] ) with early stopping as a stopping criteria. The images are processed by the ANN Cloudiness Estimator to estimate the amount of cloudiness of each image. The cloudiness along with the temperature and solar radiation measurements, are fed into the respective neural network models in order to make a prediction up to 48 steps ahead. Since each step is five minutes, 48 steps correspond to a four hours horizon. The complete cascade of models consist of: one NAR cloudiness predictive model; one NARX solar radiation predictive model, using cloudiness as the exogenous input; and a NARX temperature model, using solar radiation as the exogenous input.
III. PROTOTYPE
This project took as a reference an industrial total sky imager used in the Centro de Sistemas Inteligentes (CSI) laboratory in UALg, the T SI440A from Yankee Environmental Systems, Inc. The TSI structure has two parts, a chrome-plated steel mirror on which the whole sky is reflected on, and an arm that holds an Axis200+ ip camera that captures the reflection of the sky in the mirror. The acquisition of the images is done by accessing the ip camera's web server.
A prototype was developed (see Figure 1 ) to perform measurements of global solar radiation and atmospheric temperature and to take photographs of the sky, and then feed the data collected to a set of neural networks [23] , in order to predict the atmospheric temperature and solar radiation in a four hours horizon.
A logic module was used to make the connection between the solar radiation and temperature sensors and the computer which implemented the ANNs, as well as to control the shadow band and process the data retrieved from the GPS. The device used for these tasks, is an open-source electronics prototyping platform called Arduino R . To measure cloudiness indexes, it was necessary to use a camera that can photograph the largest possible area of the sky. In order to be compact, the prototype was designed to take the photographs by aiming the camera at the zenith, since this option would require a smaller amount of space and does not require a special structure to fix it. These measurements took two implementations. The first consisted on the camera aimed directly at the zenith without any protection from the sun. This was tested mainly on sunny days at noon, to test its behaviour when exposed to bright light conditions. These conditions were considered as most relevant, since these can lead to cloud misclassification. Despite the fact that the autoiris of the lens made a difference by reducing the sun's glow, the lens caused a reflection that lead to a misclassification of that part of the image (i.e. clear sky to a cloud). To solve this problem, a shadow band was considered and implemented. The second implementation, consists on the camera aimed directly at the zenith, with a dynamic shadow band to cover the sun during the day time.
The shadow band is positioned according to a sun path algorithm [29] , which takes as input: time, date, latitude and longitude; and outputs the azimuth, solar declination, solar altitude (in degrees), sunrise time and sunset time.
And finally, for the whole system to work, a computer Ebox 4300 from ICop R , was used to collect the data from the sensors, and to process the ANNs. The computer runs Linux R , which was chosen due to its portability, stability and performance. 
IV. RESULTS AND DISCUSSION
The system validation was done in three different ways. The first validation consisted on comparing the results of the prototype system with those obtained on a CSI Laboratory computer, using the same data. This aims to validate the prototype implementation regarding the models. On the second validation the results obtained were compared to those obtained by the reference system. The cloudiness was compared with a reference system (TSI), and its validation results are presented in Section IV-A. Temperature and solar radiation results were compared with those acquired by a weather station, incorporating a pyranometer (BF3 from ∆ − T R ) and a temperature sensor (RHT2 from ∆ − T R ). The solar radiation validation results are presented in Section IV-B, and the validation results regarding temperature are presented in Section IV-C. This aims to validate the chosen sensors and the acquisition hardware. The third validation is a comparison between the predictions obtained by means of images acquired by the prototype, and the predictions obtained using images acquired by the TSI.
The data used in the validation was acquired between the 28 th and the 30 th of January of 2011. The first day was used to initialize both NAR and NARX models, while the two remaining days where used for comparison of predictions.
In the following sections the developed prototype will be referred to as CloudSpotter.
A. Cloudiness Indexes
The first validation was performed by analysing the set of images acquired by the CloudSpotter in a computer of the CSI laboratory, and by measuring the maximum absolute error between the the estimation of cloudiness computed in the laboratory computer and the CloudSpotter. As for the result, a maximum absolute error of approximately 5.0e −14 was obtained. This validation was also applied to the NAR model used for prediction of cloudiness, using data acquired by the CloudSpotter. The validation consisted on the comparison of the maximum absolute errors obtained when comparing the predictions computed by the CloudSpotter model implementation, to those computed by the laboratory computer, considering the 1 step ahead prediction. The maximum error obtained was 7.1e −15 . The second validation consisted on the comparison of the cloudiness estimated by means of CloudSpotter images to that estimated by images acquired using the TSI (see Figure 2) . The mean absolute error between the two systems is 12.20% with a variance of 15.39%. The difference observed between the two systems, is due to the fact that the neural network employed was trained to provide a threshold using images from the TSI. When this threshold is applied to images with a different tonality, as those acquired by the CloudSpotter, it induces an error in the cloudiness estimation (see Figure 3) .
In Figure 3 , it is possible to observe the difference in applying the same threshold to images acquired by both systems. As already mentioned, the CloudSpotter images have a different tonality than those of the TSI, which translated into a cloud misclassification when the image is processed.
The results of the third validation are shown in Figure 4 , which presents a comparison of the 1 step-ahead (5 minutes) predictions obtained by the cloudiness NAR predictive model, when using data from the TSI and from the CloudSpotter. The mean absolute error between the two systems is, for 1 step ahead 12.062% with a variance of 14.156% and for 48 steps ahead 9.937% with a variance of 10.65%, which are in accordance with the error obtained between the cloudiness estimations(see Figure 2) .
B. Solar radiation
The first validation was performed by comparing the maximum absolute errors for the NAR and NARX (cloudiness is the exogenous variable) prediction models for solar radiation. The comparison was made between the the 1 step-ahead predictions computed in the CloudSpotter and corresponding predictions computed in a laboratory computer. This validation was made with data acquired by the SPLite2 from Kipp & Zonnen R , that was employed in the CloudSpotter. For the NAR prediction the maximum absolute error was 4.5e −13 , and for the NARX prediction the maximum absolute error The results of the third validation are presented in Figures  6 and 7 . The first shows the results of the NAR predictive model of the solar radiation NAR predictive model. This was performed using the datum of solar radiation acquired and computed by the CloudSpotter, in comparison to the datum acquired by the BF-3 and computed in a laboratory computer. The mean absolute error between the two systems is not significant and decreases when the number of steps is increased. For 1 step-ahead it is 15.874W/m 2 with a variance of 35.515W/m 2 , and for 48 steps-ahead it is 8.816W/m 2 with a variance of 6.111W/m 2 . Figure 7 shows the predictions made by solar radiation NARX prediction model. As before, the validation was made by the prediction computed using the datum of solar radiation acquired and processed by the CloudSpotter in comparison to the prediction computed using the datum acquired by the BF-3 and processed in a laboratory computer. The mean absolute 
C. Atmospheric Temperature
The first validation was performed by comparing the maximum absolute errors for the two NARX temperature predictive models, one where the radiation was provided by a NAR model and the other, where the radiation was provided by a NARX model, cloudiness being the exogenous variable. The comparison was between the model predictions computed in the CloudSpotter, and the corresponding predictions computed in the laboratory computer. This validation as performed using the the data acquired by the LM35DZ temperature sensor from National Semiconductor R , that was employed in the CloudSpotter, considering the 1 step-ahead prediction. For the case where the radiation was provided by a NAR model the maximum absolute error was 3.2e −15 . For the the other case, where the cloudiness was the exogenous variable, the maximum absolute error was 1.8e −15 . The second validation was made by comparing the measurements of two sensors employed. The results are presented in Figure 8 . As it can be observed, there is an offset between the measurements, which translates into a mean absolute error of 2.154 o C and a variance of 1.371 o C. The observed offset between the sensors, might be explained by inappropriate housing of the LM35DZ sensor in the prototype, which was too small and probably providing insufficient air flow. Part of this offset, would probably be removed if the two sensors would have been calibrated at the same time using the same references. Nevertheless, the observed patterns are very alike suggesting that the LM35DZ can be used in future designs provided that proper calibration is performed and adequate housing is built. The third validation is presented in Figures 9 and 10 . The first shows the prediction computed by the NARX model of temperature where the radiation was provided by a NAR model. The plot shows the model prediction computed using the datum of temperature acquired and processed by the CloudSpotter, in comparison to the prediction computed by means of the datum acquired by the RHT2 and processed in a laboratory computer. The mean absolute error between the two systems, considering 1 step-ahead is 0.148 o C with a variance of 0.109 o C and for 48 steps-ahead is 1.780 o C with a variance of 1.468 o C. Figure 10 shows the prediction computed by the temperature model where solar radiation is provided by means of an exogenous variable, the cloudiness. As before, the prediction computed using the datum of temperature acquired and processed in the CloudSpotter, is compared to the prediction computed using the datum acquired by the RHT2 and processed in a laboratory computer. The mean absolute error between the two systems, considering 1 step-ahead is 1.570 o C with a variance of 1.536 o C and for 48 steps-ahead is 1.164 o C with a variance of 0.935 o C. These larger error values, as for the solar radiation case, are probably due to the inclusion of the NAR cloudiness predictive model as an exogenous input to the solar radiation model, which in turn was employed as an exogenous input in one of the temperature predictive models.
V. CONCLUSIONS
Apart from the estimation of cloudiness, which still needs improvements, the other functionalities of the prototype developed were achieved, as it may be concluded by analysing the results obtained. The cloudiness estimation neural network was trained with images from the TSI, and since the cameras of the TSI and the prototype have different characteristics, the obtained difference of results were expected. This result influences the prediction of the radiation (NARX), because the cloudiness indexes are the external variable for this prediction. The images may be improved by changing the camera protective dome which causes some unwanted reflections. The measurement of temperature and its prediction was very satisfactory, despite the fact that the measurement of atmospheric temperature was influenced by its housing. The measurement of solar radiation had excellent results, when comparing the two used sensors. The mean absolute error between the two is minimal and expected, since the sensors have different operation characteristics.
As a final remark, the developed system is portable, in a way that it is easy to assemble and behaves nicely under all weather conditions.
VI. FUTURE WORK
The greater improvement should be done in the acquisition of sky images. The dome must be replaced by one that does not reflect the inside part of the camera housing, and to overcome the cloud mismatch two options must be considered. The first relies on the tuning of the camera, to change the colour setup for this to be similar to the one of the TSI, in other words, to turn the images of the prototype more blue instead of the present setup where the images are more grey. The second option considers the training of the neural network with images captured by the prototype. Both options should return reliable results.
Regarding the measurement of atmospheric temperature, an improved housing and calibration of the sensor should be considered, to achieve more reliable measurements.
The presented system might need an improved cooling system, if it is going to be used in extremely hot environments.
A great improvement in the cloudiness data acquisition, could be the use of a magnetic field that would control the position of a magnetic dot, which would move on the top of a structure or a lens to shadow the sun. This improvement would allow the use of all the available area of the image, without being affected by the sun.
Another improvement would be the air pollution dispersion calculations using the Delta-T method (see [30] ), which could be used on upcoming studies.
